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Supplementary Tables

Supplementary Table 1 | Summary of statistical results from ANOVA analyses.

Total
Mean quantity * s.e.m. Test Days P-value Deg.freedom Efrror deg. deg. xz
reedom
freedom

152 + 14 active cells per One-way

day per mouse Friedman 6 0.31 dfgays = 5 dferr = 55 dficta =71 5.9
(Extended Data Fig. 5g) ANOVA

49 * 2% of cells active per dfgays = 5
day, in the sets of all cells, Two-way >0.05 for dfr = 16—
CS™-responsive cells, and  Friedman 6 all 3 P- Afyroup = 2 dforr = 198 51‘5 5
CS -responsive cells ANOVA values ‘
(Extended Data Fig. 5f) dfinteraction = 10

A4 = -2 = 2%; PVD

between CS" during One-way A =
extinction sessions and the  Friedman 3 0.37 dfes+ =11 dferr = 121 102;3 12
mean CS" before ANOVA

conditioning (Fig. 4e)

Total
Measured quantity Test Groups P-value Deg. freedom ET G deg. xz
freedom
freedom
Locomotor parameters:
Distance traveled, speed, One-way > (.05 for
acceleration of mice with  Kruskal- all 3 - - - _
zero, one, or bilateral Wallis locomotor dfgroup = 2 dfer = 31 dfiotal = 33 10-12
implants in BLA ANOVA parameters
(Extended Data Fig. 3b)
% of time spent freezing
Dlitoral mplants n LA, Kruskat: 2 0.05 for
>ral Impiants ’ ) 4 CS" and dfgroup = 3 dferr = 42 dfiota =45 10-12
or with bilateral implants Wallis CS tones

and muscimol injection ANOVA
(Extended Data Fig. 3c,d)
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Supplementary Table 2 | An example tri-conditional rule learning that is consistent with

the BLA ensemble neural activity data and an ensemble level model of supervised learning.

Global signal

CS input US input accompanying US Plasticity
Yes No No CS-evoked responses are stable
Yes No Yes CS-evoked responses depress
Yes Yes Yes CS-evoked responses potentiate
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Supplemental Note

Can a bi-conditional cellular learning rule account for the plasticity of BLA ensemble neural

coding during associative fear conditioning?

The traditional cellular, Hebbian hypothesis of fear learning invokes a bi-conditional learning
rule and posits that among the cells receiving CS'-related inputs, those activated by the US will
potentiate their responses to the CS™ (Ref. 1). This longstanding hypothesis gives an account of
the behavioral conditioning but does not fit well with the data (Figs. 2, 3e.f and Extended Data
Fig. 6) concerning the diverse plasticity of CS'-evoked responses of BLA neural ensembles
during and after associative fear conditioning. The following set of observations in BLA is
challenging to explain with Hebbian potentiation, or with any hypothesis based on a bi-

conditional learning rule:

e During learning, there was up- and down-regulation of neurons’ CS'- and US-evoked
responses, demonstrating that single neuron plasticity is diverse and bi-directional during

associative fear learning (Figs. 2d, 3e).

* Most of the neurons that potentiated their CS'-evoked responses during learning did not

respond to the US (Fig. 3f and Extended Data Fig. 6).

* A preponderance of cells that responded to both the CS" and US before training decreased

their CS"-evoked responses after training (Extended Data Fig. 6a).

e The set of cells with CS™-evoked responses underwent substantial bi-directional plasticity
during training, whereas the cells with CS -evoked responses did not (Fig. 2a,d). That CS -

responsive cells generally have stable coding properties rules out the explanation that the
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cells that depress their CS™-evoked responses during training are simply those that are not
p p g g ply

reinforced by the US.

Moreover, the traditional Hebbian hypothesis requires, in its strictest form, precise
temporal overlap between the neural input signals representing the CS™ and US to induce
potentiated neural responses to the CS™ during learning'. In actuality, the amygdala can support
associative fear conditioning without a hippocampal role provided the US follows the CS" within
~3 s (Ref. 2), and prior publications have cited this discrepancy as yet another weakness of the
traditional Hebbian model’. This weakness of the Hebbian model is germane to the studies here,
because we used an established form of short-trace fear conditioning®’ in which the CS" and US
do not overlap and the US begins 800 ms after CS" offset.

This form of conditioning, which is hippocampal-independent’ and amygdala-

76812 (Extended Data Fig. 3), allowed us to explicitly distinguish CS*- and US-

dependent
evoked activity, which was crucial for the analyses. As both classical delay and short-trace
associative fear conditioning are strongly amygdala-dependent and have repeatedly yielded
mutually consistent results regarding neural mechanisms and learned behavior’, it is highly likely
the BLA stores associative information via a temporally permissive plasticity rule requiring
coincidence between the CS" and US to within ~3 s (Ref. 2). These results from past behavioral
and neurophysiological studies further support our conclusions that BLA-dependent associative
fear learning is not fully explained with a traditional, cellular Hebbian model of associative
potentiation. Nonetheless, it remains likely that Hebbian plasticity contributes to the changes in

the CS" representation. The relative prominence of Hebbian plasticity might depend on the exact

time interval between the CS’ and US presentations with the ~3 s permissive window, as

p. S4



Neural ensemble dynamics underlying a long-term associative memory Grewe et al., 2017

mechanisms that support Hebbian plasticity, such as NMDA-receptor-dependent potentiation,

often require near-coincident, paired inputs'’.

The US-representation acts as a supervision signal that guides the transformation of the CS' -
representation.

The data here support the abstract interpretation that the ensemble representation of the US
guides the transformation of the CS'-representation to encode the learned association. The CS”
population vector rotates directly towards the US, in the plane defined by the population vector
representations of the US and that of the CS” prior to training (Fig. 3f). In this sense, the US
representation is acting as a steering signal that governs the functional transformation of the CS"
representation. This ensemble level model of supervised learning might also describe other forms
of BLA-dependent associative learning, including those involving an appetitive US such as food

reward or pheromone signals.

Can a tri-conditional cellular learning rule account for the BLA ensemble Ca’" imaging data?
As noted above, a bi-conditional learning is insufficient to account for the diverse forms of
plasticity that individual BLA neurons exhibit as the population vector representation of the CS”
undergoes its re-scaling and rotation toward the US population vector (Fig. 3f). However, the
addition of another component to the conventional Hebbian learning rule, such as the release of a
neuromodulator or the activation of a widespread inhibitory circuit upon US presentation, can
yield a tri-conditional rule capable of explaining the data.

With a tri-conditional learning rule, the outcome of neural plasticity depends on the
presence or absence of three factors: signals encoding the CS” presentation; signals encoding the
US presentation; and a global signal that permeates across the BLA circuitry, such as via

neuromodulator release or a general inhibition of the BLA network, and that accompanies US
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presentation. To illustrate, we present an example of a tri-conditional learning rule that is
sufficient to account for the plasticity observed in the BLA ensemble neural calcium imaging
data (Supplementary Table 2).

The top row of Supplementary Table 2 accounts for the long-term stability of the CS™
representation, and the bottom two rows account for the bi-directional plasticity of neurons
responsive to the CS’. In contrast to the traditional Hebbian model’s requirement for a strict
temporal overlap between CS™ and US to induce plasticity, here the global signal (such as a
neuromodulator) that accompanies the US offers a potential mechanism'*"® for extending the
temporal window of plasticity induction to admit CS'—US pairings in close temporal proximity
but not strict concurrence. It is striking that past theoretical work has suggested networks
performing supervised learning would need to augment the traditional Hebb rule with a tri-
conditional plasticity rule'®, agreeing with our independent deductions from the BLA neural

ensemble Ca”" imaging data.

What accounts for the increase in CS -evoked freezing after fear conditioning?

In addition to the bi-directional plasticity of cells’ CS-evoked responses, we also found, to a
lesser degree, bi-directional plasticity of the CS -evoked responses (Fig. 2d) [9 = 1% of cells
were CS -responsive before training vs. 11 £ 1% afterward; P < 0.02; Wilcoxon rank sum test].
The slight rise in the number of CS -responsive cells after conditioning may explain the small
rise in CS -evoked freezing after training (Figs. le, 2a). Auditory inputs to BLA are less
frequency selective than often seen within the auditory system'’, and the increased number of
CS -responsive cells could reflect a small fraction of inputs to BLA that transmit signals for both
the CS" and the CS™ tones in the same axons. With such inputs, cells that potentiate their

responses to the CS™ would do so also for the CS™. Alternatively, some cells might receive
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separate synaptic inputs for the CS™ and CS™ tones, but paired CS™—US presentations might
induce general changes, such as increased excitability of the soma or dendritic arbors, that
heighten responses to the CS™. Consistent with either of these scenarios, 32 + 4% of cells that
increased their responses to the CS™ also did so for the CS”, ~3—4-fold more cells than would be
predicted from the number responding to both tones before training (Fig. 2a). A third possibility
is that the slight rise in CS -evoked responses reflects a facet of conditioning that originates
outside amygdala, such as in hippocampus'®?’, and leads to more freezing in response to any

tones heard during conditioning.
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